Buildings have significant impacts on the environment and economy as they were reported by the World Business Council for Sustainable Development in 2009 to account for 40% of the global energy consumption. Building owners are increasingly seeking to integrate sustainability and green measures in their buildings to minimize energy and water consumption as well as life-cycle cost. Due to the large number of feasible combinations of sustainability measures, decision makers are often faced with a challenging task that requires them to identify an optimal set of upgrade measures to minimize the building life-cycle cost. This paper presents a model for optimizing the selection of building upgrade measures to minimize the life-cycle cost of existing buildings while complying with owner-specified requirements for building operational performance and budget constraints. The optimization model accounts for initial upgrade cost, operational cost and saving, escalation in utility costs, maintenance cost, replacement cost, and salvage value of building fixtures and equipment, and renewable energy systems. A case study of a rest area building in the state of Illinois in the United States was analyzed to illustrate the unique capabilities of the developed optimization model. The main findings of this analysis illustrate the capabilities of the model in identifying optimal building upgrade measures to achieve the highest savings of building life-cycle cost within a user-specified upgrade budget; and generating practical and detailed recommendations on replacing building fixtures and equipment and installing renewable energy systems.
Abstract:
Buildings have significant impacts on the environment and economy as they were reported by the World Business Council for Sustainable Development in 2009 to account for 40% of the global energy consumption. Building owners are increasingly seeking to integrate sustainability and green measures in their buildings to minimize energy and water consumption as well as life-cycle cost. Due to the large number of feasible combinations of sustainability measures, decision makers are often faced with a challenging task that requires them to identify an optimal set of upgrade measures to minimize the building life-cycle cost. This paper presents a model for optimizing the selection of building upgrade measures to minimize the life-cycle cost of existing buildings while complying with owner-specified requirements for building operational performance and budget constraints. The optimization model accounts for initial upgrade cost, operational cost and saving, escalation in utility costs, maintenance cost, replacement cost, and salvage value of building fixtures and equipment, and renewable energy systems. A case study of a rest area building in the state of Illinois in the United States was analyzed to illustrate the unique capabilities of the developed optimization model. The main findings of this analysis illustrate the capabilities of the model in identifying optimal building upgrade measures to achieve the highest savings of building life-cycle cost within a user-specified upgrade budget;
and generating practical and detailed recommendations on replacing building fixtures and equipment and installing renewable energy systems. 
INTRODUCTION:
Buildings have significant impacts on the environment and economy as they were reported by the World Business Council for Sustainable Development in 2009 to account for 40% of the global energy consumption (WBCSD 2009 ). The same study reported that 80% of the total energy use of buildings is consumed during their operational life while 20% is consumed during their construction and demolition in six of the world's largest economic regions (Brazil, China, EU, India, Japan and USA) (WBCSD 2009 ). This highlights the importance of minimizing energy consumption in existing buildings by integrating green and sustainable building measures such as motion sensors, ground source heat pumps, photovoltaic systems, and water saving toilets. Although the integration of these green measures in existing buildings requires additional investments and costs; they are capable of providing significant savings in the life-cycle cost of buildings due to their impact on reducing energy and water consumption as well as building maintenance costs. Due to the large number and combinations of sustainability measures that can be installed in existing buildings, building owners and managers are often faced with a challenging task to select an optimal set of sustainable measures to upgrade their buildings while complying with the limited budget and the existing conditions of their buildings.
This highlights the need for developing an optimization model which is capable of selecting optimal sustainable building measures from a set of feasible alternatives based on the allocated upgrade budget and the operational performance of buildings.
Several studies have been conducted to analyze and evaluate the performance of implementing various sustainable measures in buildings. These studies analyzed energy and cost savings that can be achieved by installing motion sensors in commercial buildings (VonNeida, Maniccia, and Tweed 2001) ; energy savings and performance of energy efficient lighting in buildings and streets (Henderson 2009; Ryckaert et al. 2012; Lippert 2009; Roberts 2010; Narendran and Gu 2005) ; feasibility of installing photovoltaic systems and wind power turbines to generate renewable energy at building sites (Matthews, Cicas, and Aguirre 2004;  D r a f t Chapman and Wiczkowski 2009; James et al. 2011) ; energy and cost savings of energy efficient HVAC systems and ground source heat pumps in buildings (Bloomquist 2003; Bloomquist 2001; Chiasson 2006; Long Ni et al. 2011; Blumsack, Brownson, and Witmer 2009) phase which implements the model using Genetic Algorithms and identifies its input and output data using a database of building sustainability measures; and (iii) performance evaluation phase which analyzes and refines the performance of the optimization model using a case study of an existing public building, as shown in Figure 1 . The following sections describe these three development phases.
FORMULATION PHASE
The decision variables of the developed optimization model are designed to represent the most common upgrade measures for existing buildings without requiring major reconstruction or renovation of its building envelope while enabling significant reduction in the building life-cycle cost. This covers feasible alternatives for upgrading building fixtures and equipment and the use of renewable energy systems, including combinations of lighting bulbs and fixtures, motion sensors, HVAC equipment, water heaters, hand dryers, vending machines and refrigerators, water coolers and PCs, solar panels, solar inverters, water faucets, urinals, toilets, and percentage of renewable energy that can be generated at the building site to offset its electricity demand. These building upgrade measures are represented by two types of D r a f t decision variables: (1) ܺ which is an integer decision variable representing the selection of building fixture or equipment ܺ in building location ݅ such as a specific building room or space from a set of feasible alternatives; and (2) ܺ ோா which is a real decision variable representing the percentage of annual renewable energy to the annual building energy demand that need to be generated at the building site, as shown in Figure 2 . The ݅ values of the decision variables ܺ depend on the number of locations where a fixture or equipment j is located in the building, and the values of ݆ depend on the type of the building fixture or equipment, as shown in Figure 2 .
For example, ܺ ଵ ଵ represent a combination of light fixture and bulbs at room or space # 10 of the building.
The objective function of the developed optimization model is designed to minimize the Life-Cycle Costs (LCC) of existing buildings which is calculated by summing up the LCC of all building fixtures, equipment, and sustainability measures; as shown in Equation (1), Equation
(2), and Equation (3). The LCC of a building fixture or equipment can be calculated by summing up all its costs during the study period of the building (Fuller and Petersen 1996) , including initial costs, annual energy and water costs, annual maintenance and repair costs, replacement costs, electricity savings due to the generation of renewable electricity, and salvage value, as shown in (Fuller and Petersen 1996) . In order to calculate the LCC of existing buildings, all the aforementioned costs of building fixtures, equipment, and sustainable measures are converted to present worth based on discount/interest rate. This discount/interest rate can be determined based on the investor's rate of return.
Where: ‫ܥܥܮܤ‬ : is building life-cycle cost, ܰ is number of locations of building fixture or equipment ܺ ; ‫ܺ‪൫‬ܥܥܮ‬ ൯ is LCC of building fixture or equipment ܺ which include upgrade costs, annual energy and water costs, escalation in utility costs, maintenance costs, replacement costs, and salvage value, as shown in Equation (2); and ݊ is number of fixtures of equipment ݆ at location ݅; ‫ܺ‪൫‬ܥܥܮ‬ ଵଵ , ܺ ଵଶ ൯ is life life-cycle cost of photovoltaic system at building roof (݅ = 1) or on the ground (݅ = 2) which include upgrade costs, maintenance costs, replacement costs, annual electricity savings, and salvage value, as shown in Equation (3). ൯ is annual operational cost of building fixture or equipment ܺ which include energy or water costs and maintenance costs; ‫ܣܲ‬ is present worth factor of an arithmetic gradient series which can be calculated based on annual interest rate, escalation rate in utility bills, and number of years of the study period;
ܴ‫ܥ‬൫ܺ
൯ is replacement cost of building fixture or equipment ܺ ; ‫ܴܨܲ‬ is present worth of the future replacement cost ‫ݎ‬ of building fixture or equipment ܺ which depends on its expected future replacement time and the annual interest rate; R is total number of replacements that depends on the expected service life of the building fixture or equipment in years and the duration of the study period n in years; ܸܵ൫ܺ
൯ is salvage value of building fixture or equipment ܺ ; and ‫ܵܨܲ‬ is present worth of the building fixture or equipment salvage value which can be calculated based on annual interest rate and number of years of the study period. In order to ensure that the developed optimization model is providing feasible and practical solutions, four types of optimization constraints were integrated: (i) upgrade budget constraint, (ii) operational performance constraint, (iii) photovoltaic system constraints, and (iv) decision variables constraint. The upgrade budget constraint is integrated in the model to ensure that the upgrade cost of replacing existing building fixtures and equipment or installing renewable energy systems do not exceed the available upgrade budget, as shown in Equation (5).
Equation (5) Where: ‫:ܥܷܤ‬ is building upgrade costs.
The operational performance constraint is integrated in the model to ensure that the operational performance of the building is maintained after performing replacements of building fixtures and equipment such as light levels in lumens output per fixture, space heating capacity in KBTUs, space cooling capacity in tons, and water heating capacity in gallons. The developed model is also designed to provide flexibility to decision makers by allowing them to identify a predefined reduction in the existing building performance. For example, the optimization model maintains the cooling and heating performance of buildings or allowing a predefined reduction by allowing the replacement of HVAC equipment with equivalent or reduced cooling and heating capacities, as shown in Equation (6) and Equation (7). Similarly, the optimization model is D r a f t designed to maintain similar performance or allow a predefined reduction from the existing operational performance for interior lighting, exterior lighting, and water heaters. It should be that these predefined reductions, if any, should be carefully analyzed and specified by the user to ensure that the building performance after completing the building upgrade will satisfy all its operational requirements. For example, if the user specify that the allowed percentage reduction of the HVAC system cooling capacity is 10%, then the model will consider all HVAC systems that provide 90% or more cooling capacity than the capacity of the existing HVAC system as feasible alternatives without verifying whether they are capable of satisfying the required building cooling loads or not.
Equation (7) Where: ‫ܧ(ܥ݈ܥ‬ ସ ) is the cooling capacity of existing HVAC system ‫ܧ‬ ସ at location ݅ of the building, R : is the allowed percentage reduction of the HVAC ‫ܧ‬ ସ cooling capacity, ‫ܺ(ܥ݈ܥ‬ ସ ) is the cooling capacity of the possible replacement for the HVAC system ‫ܧ‬ ସ with ܺ ସ at location ݅ of the building, ‫ܧ‪൫‬ܥݐܽ݁ܪ‬ ସ ൯ is the heating capacity of existing HVAC system ‫ܧ‬ ସ at location ݅ of the building, R : is the allowed percentage reduction of the HVAC ‫ܧ‬ ସ heating capacity, and
is the heating capacity of the possible replacement for the HVAC system ‫ܧ‬ ସ with ܺ ସ at location ݅ of the building.
The photovoltaic system constraints are integrated in the model to comply with the design requirements of the grid connected photovoltaic system. For example, the model integrates a constraint to ensure that the selected components of the photovoltaic systems are capable of generating the specified percentage of renewable energy ܺ ோா that can be generated at the building site, as shown in Equation (8) (8) Where: ‫ܥܧܤ‬ is building annual electricity consumption in Kwh, ‫ܫܵܦܣ‬ , is average daily solar insolation in month ݉ at location ݅ of the building based on the tilt and orientation angle of solar panels and location of the building in peak sun hours which can be calculated based on available online tools such as National Renewable Energy Laboratory and GAISMA (NREL 2010; GIASMA 2014) , ‫ܦ‬ is number of days per month ݉, ‫ݓ‬൫ܺ ଵଵ ൯ is energy production of single solar panel ܺ ଵଵ at location ݅ of the building in watts, n ଵଵ is number of solar panels at location ݅ of the building, ‫ݐ‬ , భభ is derating factor of the daily temperature effect in month ݉ for solar panel ܺ ଵଵ , on the electricity production of solar panels ܺ ଵଵ , d is derating factor of the dirt and snow effect on the electricity production of solar panels, ݁ , భమ is derating factor of the inverter efficiency ܺ ଵଶ for converting DC current to AC current at location ݅ of the building, ‫ݓ‬ is derating factor of DC and AC wiring in a PV system, 2 is number of photovoltaic systems at the building site, and 10 ିଷ is a conversion factor that converts the generated renewable electricity from wh to Kwh. 
IMPLEMENTATION PHASE
The implementation of the developed optimization model was performed in three main steps: (i) performing the optimization computations using genetic algorithms; (ii) specifying the model input and output data; and (iii) creating databases for building fixtures, equipment, and components of renewable energy systems, as shown in Figure 4 .
The computations of the developed optimization model are performed using Genetic Algorithms (GAs) due to its capability of (1) 
PERFORMANCE EVALUATION PHASE
A case study of an existing highway rest area building was analyzed to illustrate the use of the developed optimization model, demonstrate its newly developed optimization capabilities, and evaluate its performance. Built in 1980, the analyzed building has a total area of 3,570 square feet with approximately 840 thousand annual visitors according to a statistical analysis that was conducted in 2009. The rest area building includes lobby, women's bathroom, men's bathroom, mechanical room, storage room, travel information desk, and technician office. The building has also a parking lot for visitors that accommodate cars and semi-trucks, and a large landscaped area and outdoor picnic tables. The building equipment and systems that have the highest share of its operational costs include interior and exterior lighting, HVAC system, water heater, hand dryers, vending machines, water coolers, personal computers, surveillance system, water faucets, urinals, and toilets. This case study was selected to evaluate the model performance due to its high operational and life-cycle cost that are caused by its inefficient energy and water fixtures, its continuous operational schedule throughout the year, and its high visitation rates.
In order to minimize the life-cycle cost of this building using the developed model, its required input data were identified and provided to the model, as shown in Figure 4 . This input data was obtained from the building drawings and from a site visit of the building to identify (i) the types of services provided by the rest area; (ii) the conditions and characteristics of its appliances and fixtures; and (iii) potential savings and energy-efficiency measures that can be implemented in the building. A sample of the input data that summarizes the main building characteristics is shown in Table 1 . The electricity, gas, and water billing rates as well as the discount rate are inputted in the model based on the obtained energy and water bills of the previous year and average discount rates, as shown in Table 2 . The input data of building D r a f t fixtures and equipment were identified based on the data collected during the site visit and by selecting these fixtures and equipment from the model databases, as shown in Table 3 . These databases include all the needed data by the decision maker to select building fixtures and equipment, and the required data by the model to perform the optimization computations. The owner-specified requirements of the building operational performance allowed 5% reduction in the fixtures light levels and no reduction in the capacities of the HVAC system and water heater. Equation (9) The developed model was used to optimize the building upgrade decisions for the rest area building to minimize its life-cycle cost for a study period of 40 years while considering various upgrade budgets that ranged from $10K to $125K. The developed model was able to identify the minimum life-cycle cost for all the specified upgrade budgets, as shown in Figure 9 .
For example for the specified upgrade budget of $25,000, the model identified a minimum lifecycle cost of $746,032 with annual savings of $15,365, and payback period of 1.61 year, as shown in Figure 9 for solution (a). Based on the results of the model for various upgrade budgets, the model was able to select building upgrade measures that achieve the highest savings of building life-cycle cost within the least specified upgrade budget (i.e. $10K). As the upgrade budget increases, the model selected additional measures that can further reduce the life-cycle cost of the building, as shown in Figure 9 . The population size that was used to Each trail of the optimization required 0.31 seconds to be completed, and therefore the brute force exhaustive search will require 0.31*7.3*10 30 sec. (2.7*10 25 days). This highlights the efficiency and effectiveness of the developed optimization model that was able to identify optimal solution (a) for this case study (see Figure 5 ) in 4 hours and 5 minutes compared to the exhaustive search time that is estimated to take 2.7*10 25 days or 7.3*10 22 years.
The optimization model also provides the capability of generating an action report that provides detailed recommendations on the building fixtures and equipment. The report also identifies the fixtures and equipment that need to be replaced or the renewable energy systems that need to be installed based on the optimization results. For example, the model provided detailed recommendations for replacing existing light bulbs and fixtures as well as plumbing fixtures, as shown in Table 4 and Table 5 , respectively. Furthermore, the model is designed to (1) integrating additional upgrade measures for existing buildings such as building envelope, windows and doors; and (2) ൯ is life life-cycle cost of photovoltaic system at building roof (݅ = 1) or on the ground (݅ = 2) which include upgrade costs, maintenance costs, replacement costs, annual electricity savings, and salvage value.
ܷ‫ܥ‬൫ܺ
൯ is upgrade cost of building fixture or equipment ܺ .
ܱ‫ܥ‬൫ܺ
൯ is annual operational cost of building fixture or equipment ܺ which include energy or water costs and maintenance costs.
‫ܣܲ‬ is present worth factor of an arithmetic gradient series which can be calculated based on annual interest rate, escalation rate in utility bills, and number of years of the study period.
ܴ‫ܥ‬൫ܺ
൯ is replacement cost of building fixture or equipment ܺ .
‫ܴܨܲ‬ is present worth of the future replacement cost ‫ݎ‬ of building fixture or equipment ܺ which depends on its expected future replacement time and the annual interest rate.
R is total number of replacements that depends on the expected service life of the building fixture or equipment in years and the duration of the study period n in years.
ܸܵ൫ܺ
൯ is salvage value of building fixture or equipment ܺ .
D r a f t
2 ‫ܵܨܲ‬ is present worth of the building fixture or equipment salvage value which can be calculated based on annual interest rate and number of years of the study period. ൯ is electricity savings of photovoltaic system ݅.
‫:ܥܧܦܪ‬ hand dryers electricity consumption in Kilowatt-hour.
ܰ : number of locations of hand dryers. n ଵଵ : number of solar panels at location ݅ of the building.
‫ݐ‬ , భభ
: derating factor of the daily temperature effect in month ݉ for solar panel ܺ ଵଵ , on the electricity production of solar panels ܺ ଵଵ .
d: derating factor of the dirt and snow effect on the electricity production of solar panels.
݁ , భమ
: derating factor of the inverter efficiency ܺ ଵଶ for converting DC current to AC current at location ݅ of the building.
‫:ݓ‬ derating factor of DC and AC wiring in a PV system.
